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’INTRODUCTION
α-Synuclein is a 140 amino acid protein that has been im-
plicated in several neurodegenerative diseases, often referred to
as synucleopathies, such as Parkinson’s disease (PD), Dementia
withLewybodies(DLB),andMultipleSystemAtrophy(MSA).
1 3
PD, in particular, is neuropathologically characterized by α-syn-
uclein aggregates and the loss of dopaminergic neurons within
the substantia nigra.
4,5 While a number of theories have been
advancedtoexplainhowα-synucleinself-associationisrelatedto
neuronal dysfunction, the precise relationship between α-synu-
clein aggregation and cell death remains unclear.
6Consequently,
understanding the structural basis of α-synuclein self-association
is of particular importance.
Althoughmonomericα-synucleinisintrinsicallydisorderedin
aqueous solution and is therefore considered an intrinsically
disordered protein (IDP), it cannot be simply described as a
random coil.
7 9 For example, the average radius of gyration of a
random coil that is 140 amino acids long is larger than the
measured average radius of gyration for α-synuclein obtained via
small-angle X-ray scattering (SAXS) experiments.
10 This sug-
gests that α-synuclein is, on average, more compact than the classic
random coil.
In addition, α-synuclein can form ordered structures under
diﬀerentexperimentalconditions.Theaminoacidsequenceofα-
synuclein contains 11-residue imperfect repeats that are distributed
among the highly basic N-terminal region of the protein (residues
1 60),andthehydrophobicNACregion(Non-AβComponent
of α-synuclein, residues 61 95). These repeats were proposed
to form amphipathic α-helices capable of interacting with
diﬀerent types of lipid structures.
11,12 It was found that when
α-synuclein is bound to micelles, two helices can form.
13,14 The
ﬁrsthelixencompassesresidues3 37andistherefore contained
within the N-terminal region and the second helix is formed
between residues 45 and 92, a region that begins in the N-terminal
region and extends into the NAC region. The two helices are
aligned antiparallel to one another.
15,16 Other studies suggest
that α-synuclein can also form a continuous helix that begins in
the N terminal and continues through to the NAC region and
that the precise form of the helical segment depends on the
precise experimental conditions.
17 20 For example, in a recent
study it was found, using pulsed dipolar ESR spectroscopy, that
depending on the relative protein-to-detergent concentrations,
α-synuclein can adopt either a single extended helix form or the
broken helix form, similar to the one previously described.
21 More-
over, recent data further suggest that under physiologic condi-
tions, α-synuclein exists in a tetrameric form that has considerable
helical content.
22
By contrast, α-synuclein aggregation is characterized by an
increase in β-sheet content. Atomic force microscopy and Raman
spectroscopy demonstrated that soluble α-synuclein oligomers
have reduced α-helical content relative to protoﬁlaments, and
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that the β sheet content is relatively increased in protoﬁlaments
and ﬁlaments.
23 Fiber diﬀraction of α-synuclein ﬁbrils further
demonstrated the presence of cross-β structure which is char-
acteristic of amyloid ﬁbrils.
24 Consequently, the available experi-
mental evidence suggests that α-synuclein canadopthelical stru-
ctures or extended structures depending on the binding partner
and experimental conditions.
A number of studies have constructed α-synuclein ensembles,
usingacombinationofcomputationalmethodsandexperiments,
tobetterunderstand thenature of theunfolded state.
25 29Some
of these studies combine data obtained from NMR, PRE, and
conformational sampling to construct an appropriate ensemble.
25 28
While these studies have provided insights into the accessible
statesofα-synuclein insolution,there arestillmanyunanswered
questions regarding the unfolded state of this protein, including
the precise role of secondary structure in the unfolded ensemble
and the presence of long-range contacts, in particular. In addi-
tion, the recent observation that α-synuclein can also form
ordered helical tetramers in the native cell environment has
not been addressed in the previous studies.
In this work, we use a recently developed Bayesian Weighting
(BW)algorithmtoconstructanensembleforwild-type(WT)α-
synuclein.
30 Data from NMR chemical shifts,
31 RDCs,
32 and
SAXS
33 experiments are used to guide the construction of the
ensemble.Ananalysisoftheensemble(1)helpstoclarifytherole
of secondary structure propensity and the diﬀerent binding
characteristicsofα-synuclein,(2)identiﬁespotentialaggregation
prone structures within the ensemble, (3) clariﬁes the relation-
ship between long-range contacts and aggregation propensity,
and (4) provides insights into how the disordered monomeric
protein can form tetrameric helical structures.
’RESULTS AND DISCUSSION
Construction of an α-Synuclein Ensemble. We began by
generating a relatively large structural library of energetically
favorable conformations and then used a Bayesian weighting
(BW) algorithm
30 to assign weights (or relative stabilities) for
each conformer in the library. Hence, an ‘ensemble’ is defined
as a set of structures, {Si} and a corresponding set of weights
w B = {wi} where wi is the weight (or probability) of structure Si
and ∑iwi =1 .
For a given structural library, there are many possible ways to
weight the diﬀerent structures within the structural library, and
each possible weighting scheme represents a diﬀerent ensemble.
TheBWmethodassignsaprobabilitytoeverypossibleweighting
scheme, and hence every possible ensemble, that can be con-
structed from the structural library. Parenthetically we note that,
since someof thewican be0,ﬁndingacorrect weighting scheme
also enables us to exclude structures from the structural library if
theyconsistentlyleadtoensemblesthatareinconsistentwiththe
experimental data.
The probability of a given ensemble is calculated using methods
from Bayesian statistics as described in our previous work
30 and
as reviewed in the Methods. Overall the probability of an ensemble
is related to the agreement between the data predicted by the
ensemble and the experimental data. In the Bayesian formalism,
we compute a probability distribution (which we refer to as the
posterior density) over all possible ensembles, and this distribu-
tion is used to make statements about the conformational
properties of α-synuclein. Since the posterior density is a multi-
dimensional function, we summarize its properties in two ways.
First, we calculate the average weight of each structure in
the structural library using the posterior density function. The
ensemble consisting of the structures {Si} and these average
weights, w B
B = {wi
B} is called the Bayes ensemble; that is, it is
the Bayesian analogue of a ‘best ﬁt’ ensemble. Of course, the
average of a distribution may not be very informative if the
standard deviation, a measure of uncertainty, is large. To reﬂect
this, we use the distribution over ensembles (the posterior
density) to calculate conﬁdence intervals for conformational
characteristics of α-synuclein as a way of quantifying statistical
uncertainty. Note that the conﬁdence intervals do not refer to a
speciﬁc ensemble, but rather to the distribution over all possible
ensembles that could be constructed from the structural library.
An advantage of the BW formalism is that it provides a built in
estimate of the uncertainty in the Bayes ensemble. Since agree-
ment with experiment alone does not ensure that an ensemble is
correct, such quantitative measures of uncertainty are important.
30
Afurtheradvantageofthemethodisthat,evenwhentheuncertainty
in the Bayes ensemble is relatively large, we can calculate error
barstoquantifytheuncertaintyinanyobservablequantitythatis
calculated from the ensemble.
First, we constructed a structural library of 100000 energeti-
cally stable structures by breaking the protein into overlapping
8-residue segments and exhaustively sampling the conforma-
tional space of each segment using Replica Exchange Molecular
Dynamics (REMD).
34 Segments were then joined to form a
structureofthefull140residueprotein.Toreducethenumberof
conformations to a more manageable size, the structural library
was pruned using a coarse clustering method to generate a set of
299 structures that largely preserves the structural heterogeneity
that was present in the original structural library (Figure 1).
Application of the BW algorithm to obtain the Bayes weight
foreachstructureyieldedaBayesensemblethatagreeswithmea-
suredNMRchemicalshifts
31(Figure2A) andRDCs(Figure2B)
32
as well as SAXS derived radius of gyration
33 (ensemble average
value41 (1Åvs experimentally determinedvalueof 40 (2Å).
These data demonstrate that the BW algorithm accomplishes its
goal of generating ensembles that agree with the input experi-
mental data.
Asdiscussedabove,theBWmethodprovidesabuilt-inmetric,
called the uncertainty parameter, that quantiﬁes our uncertainty
intheBayesensemble,andisanalogoustothestandarddeviation
Figure 1. An alignment of all structures within the α-synuclein ensemble.19538 dx.doi.org/10.1021/ja208657z |J. Am. Chem. Soc. 2011, 133, 19536–19546
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ofaGaussian distribution.
30Ifitislikelythat theBayesensemble
iscorrect,theuncertaintyparameterapproaches0.Conversely,if
it is unlikely that the Bayes ensemble is correct, then the
uncertainty parameter approaches 1. In other words, as the un-
certainty parameterapproaches1,wecannotsaywithanycertainty
that the constructed ensemble is correct. In the present case, the
uncertainty parameter is 0.4. In this scenario, we can further
quantify our uncertainty by computing conﬁdence intervals for
speciﬁc conformational characteristics.
An analysis of the Bayes ensemble provides additional infor-
mationabouttherelativedistributionofdiﬀerentconformersizes
thatareaccessibletotheprotein.AsshowninFigure3,theensemble
itself contains structures with radii of gyration that range from
approximately 20 to 60 Å. To put these values into perspective,
we note that the average radius of gyration for a globular folded
protein containing 140 aa is approximately 15 Å, while the average
radius of gyration for a random coil with the same amino acid
lengthisapproximately52Å.
35Thefractionoftheensemblewith
a radius of gyration near 20 Å is 0.09 (95% conﬁdence interval
0.05 0.19), while the fraction that has a radius of gyration greater
than would be expected based on the random coil calculation is
0.17 (95% conﬁdence interval 0.13 0.22). This suggests that
α-synuclein samples structures that are nearly as compact as a
globularproteinofthesamesizeinadditiontostructuresthatare
more extended than that of the average random coil value.
ResidualSecondaryStructureinα-Synuclein.Toassessthe
secondary structure content in the Bayes ensemble, we used the
STRIDE secondary structure assignment algorithm,
36 to calcu-
late the propensity of each residue, in every structure in the
ensemble, to adopt one of three mutually exclusive classes of
secondary structure: helix, strand (also referred to as extended),
andother(seeMethods).Analysisofindividualstructureswithin
theensemblerevealsthatthehighesthelicalcontentis20%while
the highest strand content is approximately 28%. Of note, the
highest weighted structures in the Bayes ensemble have helical
content less than 15% and strand content less than 25% (Figure 4).
Nevertheless, the ensemble average secondary structure content
is considerably less; that is, the overall strand content is less than
11%andthehelicalcontentlessthan2%(Table1).However,the
ensemble average, which corresponds to the experimentally
observed value, is in excellent agreement with estimated secondary
Figure 3. Distribution of radii of gyration in the calculated ensemble.
The 95% conﬁdence intervals show that the bar heights are signiﬁcantly
diﬀerent from zero.
Figure4. Helicalandstrand(orextended)contentforeachstructurein
the ensemble. The inset is an expanded view of the data.
Figure 2. Ensemble agreement with experimental data. Comparison of
experimental results with the corresponding calculated (A) chemical
shifts and (B) RDCs. Correlation coeﬃcients are explicitly shown.
Calculated root mean square error (RMSE) for the chemical shifts
was found to be within accuracy provided by SHIFTX
66.
Table 1. Ensemble Average Secondary Structure Content
(with 95% Conﬁdence Intervals) and Experimental Values
Obtained from CD Spectroscopy (With Experimental Error
Bounds)
ensemble average CD
Helix 0.03 (0.02 0.04) 0.02 ( 0.03
Strand 0.11 (0.10 0.13) 0.11 ( 0.07
Other 0.85 (0.84 0.87) 0.86 ( 0.2219539 dx.doi.org/10.1021/ja208657z |J. Am. Chem. Soc. 2011, 133, 19536–19546
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structure content obtained from CD spectroscopy
37 (Table 1).
Although the experimental error bounds and the confidence
intervalsfromtheBWalgorithmarerelativelylargeforthehelical
andstrandcontent,bothBWandCDspectroscopyagreethatthe
protein has minimal helical and strand content.
In addition to the overall secondary content of the protein,we
also computed the expected (or ensemble average) relative helix
and strand propensities for each residue in the protein with their
corresponding 95% conﬁdence intervals (Figure 5). On average,
most of the helical propensity resides in residues 52 64. This
regioncontainsahighlyconservedhexamermotifwithintheﬁfth
11-merimperfectrepeat,whichisproposedtoformamphipathic
α-helices.
11,12 Additionally, within the NAC segment, the strand
propensity is peaked in the immediate vicinity of residue 78.
Interestingly, this region, NAC(8 18), has been experimentally
determinedtobetheminimaltoxicaggregateformingsegmentin
α-synuclein in vitro.
38
To further demonstrate that α-synculein samples structures
with varying amounts of secondary structure, we explicitly show
fourconformationsinFigure6.TheN-terminalregionismarked
in blue, the NAC region in red and the C-terminal region in
yellow. In Figure 6A C, three structures are shown that contain
varying degrees of helical content in the N-terminal and NAC
region. Figure 6A shows a structure containing a helix between
residues42and64;thishelicalconformationisinagreementwith
the contiguous helix model. Figure 6B shows a structure that
contains a helix in residues 74 82 in the middle of the NAC
region and Figure 6C presents two helices, one in the range
52 62 and the other in the range 15 24. Figure 6D shows a
structure with signiﬁcant strand content in the NAC region, in
particular residues 68 94.
Long Range Contacts in α-Synuclein. A number of studies
have used Paramagnetic Relaxation Enhancement (PRE) experiments
to detect long-range contacts in α-synuclein.
26 29,39,40 These
experiments allow for the detection of interactions between a
paramagneticgroupandnuclearspinsofresiduesatadistanceup
to 25 Å away.
41 Some of these studies argue that long-range
contacts, especially involving the N-terminal (residues 1 60)
and C-termini (residues 96 140), can be found in the unfolded
ensemble of α-synuclein. To determine whether our data are
consistent with these observations, we computed the distribu-
tion of such long-range contacts from the Bayes ensemble. For
these calculations, we define a long-range contact between the
N- and C-terminal regions to occur when the center of mass
of theN-terminalregion (residues 1 60)andthecenterofmass
of the C-terminal region (residues 96 140) are within 25 Å.
We computed these center of mass distances for each structure
andusedthesedatatocomputethedistributionofsuchdistances
along with the associated confidence intervals (Figure 7).
Figure7demonstratesthatstructuresintheBayesensemblespan
awiderangeofN-toC-terminaldistances,rangingfromlessthan
25 Å to more than 125 Å. In addition, a significant fraction (0.14
with a 95% confidence interval of 0.04 0.23) of the ensemble
has structures that place the center of masses of the N- and
C-terminal regions within 25 Å of one another.
Since results from PRE experiments correspond to ensemble
averages, we also computed a Residual Contact Map (which is a
function of the ensemble average number of long-range contacts
per residue) to better compare our results to the previous PRE
data (Figure 8A). This pseudoenergy diﬀerence map represents
the stability of a long-range contact between two residues in the
Bayes ensemble compared to what one would expect from a
random coil ensemble (see Methods).
25,26 These data suggest
thatthereisadistinctpreferenceforforminglong-rangecontacts
between the C-terminal (residues ∼120 140) and the N-term-
inalregion(residues1 61)andalsobetweentheC-terminaland
Figure 5. Ensemble average secondary structure propensity. For each residue, we present the probability to adopt a helical structure (orange area) vs a
strand structure (blue area). The thickness of the lines corresponds to the 95% conﬁdence interval.
Figure 6. Representative ensemble conformations. A sample of structures from the ensemble of α-synuclein. In all structures, blue denotes the
N-terminal region (residues 1 60), red denotes the NAC region (residues 61 95), and yellow denotes C-terminal region (residues 96 140).19540 dx.doi.org/10.1021/ja208657z |J. Am. Chem. Soc. 2011, 133, 19536–19546
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the NAC region (residues ∼61 70). In essence, residues
120 140 in the C-terminal region make contact with residues
1 70, which encompass both the N-terminal region and the
beginning of the NAC segment. A less favorable contact forms
between the NAC region (residues ∼80 95) and the N-term-
inal region (residues ∼1 30); that is, our data are in qualitative
agreementwithpriorexperimentalobservations made fromPRE
data.
25,26 In this regard, it is important to note again that our α-
synuclein ensemble was generated without incorporating any
data from prior PRE experiments, and therefore, no explicit
distance constraints were used to construct the model.
InFigure8B,weshowthemoststablecontactforeachresidue,
along with the corresponding 95% conﬁdence interval. The
relatively small error bars for residues 20 70 and residues
120 135 suggests that the model is relatively certain about
these particular inter-residue contacts. However, the large
error bars between residues 70 90 argues that the model is
unsure about the inter-residue contacts in this region. These
data complement the residual contact map in Figure 8A; for
example, the residual contact map suggests that there is a
relatively small preference for forming long-range contacts
between the NAC (residues ∼80 95) and the N terminal
region (residues ∼1 30); however, the uncertainty analysis
(Figure 8B) suggests that the model is very uncertain about
this particular observation.
Potential Aggregation Prone Conformers in α-Synuclein.
Giventhatarelativelysmallsegmentofα-synuclein,consistingof
residues 68 78, which is found in the NAC region (i.e., NAC-
(8 18)),wasexperimentallydeterminedtobetheminimaltoxic
aggregate-prone segment in α-synuclein in vitro,
38 we explored
the conformational preferences of this segment. Structures that
placethissegmentinasolventexposedandextendedorientation
may be more likely to form toxic aggregates containing cross-β
structure.
Figure 9 shows the normalized solvent accessible surface area
(SASA)oftheNAC(8 18)regionversusthenumberofresiduesin
that segment that are in an extended conformation, as identiﬁed
bySTRIDE.
36CalculationsoftheSASA onlyincludedtheatoms
Figure 8. Stabilized long-range contacts. (A) Pseudoenergy values are calculated for each contact as  In(pij
Ensemble/pij
RC). A contact is deﬁned between
residues where theCαatomsarelessthan25Åapart.Alargenegative pseudoenergy(inblue)represents contacts thatare energeticallyfavorablein the
ensemble compared to the random coil ensemble (in units of kT). Positive values (color range yellow to red) represent relatively unfavorable contacts.
(B)Foreachresidue,wecalculated thecontactthatisassociatedwiththelowestpseudoenergy alongwiththe95%conﬁdenceinterval.Thex-axisisthe
residuenumberandthey-axisisthepositionoftheresiduethatformsthelowestenergycontact.Weusedthefollowingcolorcodetodepictthediﬀerent
regionsoftheprotein:blue,N-terminalregion(residues1 60);red,NACregion(residues61 95);andyellow,C-terminalregion(residues96 140).
Figure 7. Distribution of N- to C-terminal distances in the calculated
ensemble.Thex-axisrepresentsthedistancebetweenthecenterofmass
oftheN-terminalregionandthecenterofmassoftheC-terminalregion.
The 95% conﬁdence intervals show that the bar heights are signiﬁcantly
diﬀerentfromzero.TwolowprobabilitystructureshadN-toC-terminal
distances higher than 125 Å and we therefore excluded this information
from the distribution.
Figure 9. The SASA vs number of residues in an Extended orientation
for the NAC(8 18) region. Two relatively high weighted structures
with an exposed and a signiﬁcant Extended content (more than 3
residues) for the NAC(8 18) segments are explicitly shown.19541 dx.doi.org/10.1021/ja208657z |J. Am. Chem. Soc. 2011, 133, 19536–19546
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structures that can form the intermolecular hydrogen bonds that
are needed for cross-β structure formation. The Bayes ensemble
contains several structures that place the aggregation prone
segment, NAC(8 18), in a relatively extended and solvent ex-
posedorientation.Wedeﬁnearesidueassolventexposedwhenit
has a normalized SASA > 40%, as this cutoﬀ has been used in
previous studies and useful results were obtained.
42 In total, the
fraction of structures that have the NAC(8 18) segment in a
relativelyextendedandsolventexposedorientationis0.08witha
95% conﬁdence interval 0.03 0.12.
It has been postulated that the formation of long-range con-
tacts in α-synuclein may provide a mechanism to shield regions
of the NAC segment.
26 Burying regions of the NAC segment
could potentially hinder the formation of cross-β structure and
the formation of toxic aggregates. To investigate the relationship
betweensolventexposureoftheNAC(8 18)segmentandlong-
range contacts, we computed the SASA of the structures that
havethecenterofmassoftheN-terminalandC-terminalregions
within 25 Å. We ﬁnd that the majority of structures that have the
aforementioned long-range contacts also place the NAC(8 18)
segment in a solvent exposed orientation; that is, 65% of stru-
ctures(28%-100%,conﬁdenceinterval)withlong-rangecontacts
have the NAC(8 18) segment with a SASA> 40%.
A Potential Mechanism for Helical Self-Association. In a
recent study, α-synuclein was isolated from human RBCs in a
tetrameric form and the CD spectrum of this tetramer was quite
distinct from that of recombinant α-synuclein obtained from
Escherichia coli.
22 Indeed, the spectrum of the tetramer had
minimaat208and222suggestingthat,onaverage,thetetrameric
structure had considerable helical structure.
Our data suggest that monomeric α-synuclein samples struc-
tures that have at most 20% helical content (Figure 4). The stru-
cture with the highest helical content is shown in Figure 10A. In
general,theassociated helixhas ahydrophobicpatch on oneside
(Figure 10B), that is akin to hydrophobic faces that have been
observed in other proteins that form helical bundles.
43 45 These
data are consistent with a model where helical segments within
structures in the unfolded ensemble associate via hydrophobic
interactions to form a tetrameric structure. If self-association of
preformed helical structures was the dominant mechanism un-
derlyingtheformationoftetramericstructures,thentheexpected
helical content of the α-synuclein tetramers would be at most
20%. Interestingly, using the CD spectrum of the tetrameric
structure (kindly provided by Tim Bartels and Dennis Selkoe),
we obtain a predicted helical content of 29%, with an error of
approximately 10%, using the program K2d.
46,47
More recently,Wangetal.
48wereabletoobtainNMRdataon
a tetrameric form of α-synuclein that was puriﬁed from E. coli.
Weak (i,i + 3) Nuclear Overhauser Enhancements (NOEs) and
secondarychemicalshiftsindicatedhelicalpropensityinresidues
4 103. Intermolecular PREs, obtained using mixtures of α-
synculein with and without the spin label, suggested that the
tetramer forms by the association of amphipathic helices formed
within the region consisting of residues 50 103. It is important
to note, however, that the NMR data are not consistent with a
fully folded helix. Instead, they suggest transient helical forma-
tion with an overall helical content of approximately 20% (Tom
Pochapsky, personal communication).
48 These data are qualita-
tively consistent with our model presented in Figure 10, which
includes an amphipathic helix consisting of residues 47 64, and
with our ﬁnding of α-helical propensity throughout the N-terminal
region.
’CONCLUSION
Althoughmonomericα-synucleinisintrinsicallydisorderedin
solution,it can adopt conformationsthathave varying secondary
structure content depending on its environment.
9 A number of
spectroscopic studies suggested that WT-α-synuclein in the
presence of membranes can form helical structures, and two
types of helical conﬁgurations have been observed: a continuous
extended helix and two antiparallel helices separated by a short
linker.
13 21 By contrast, α-synuclein was shown to acquire sig-
niﬁcant β-sheet content when it self-associates in vitro.
23 The
most ordered form of these aggregates are ﬁbrils which were
found to contain cross-β-sheet structures.
24 Most recently, an
α-synuclein tetramer has been isolated from both human red
bloodcells and E. coli and it has been argued that this structure is
the dominant form under physiological conditions.
22,48 While
initial reports suggested this structure was a ‘folded tetramer’
rather than an ‘unfolded monomer’, it is important to note that
thedatafromrecentNMRstudiessuggestthattheactualamount
of structural order is fairly low in the tetramer and that there is
only fractional helix formation.
48 These observations highlight
the needto obtain anaccurate structuralensemblethat describes
the accessible states of the protein.
While a number of studies have generated ensembles for the
unfolded state of α-synuclein,
25 29 the majority of these en-
sembleshasnotprovidedadetailedanalysisofresidualsecondary
content within the ensemble and has not addressed recent data
on what has been described as a physiologically dominant helical
tetramer.
22Moreimportantly,existingstudieshaveledtocontra-
dictory observations.Although one prior study suggested a small
preferenceforresidues6 37(intheN-terminus)toformhelices
compared to residues 103 140 (in the C-terminus),
25 another
studydidnotﬁndsigniﬁcanthelicalstructurewithintheensemble.
27
Therefore, to further explore the nature of the unfolded state of
α-synucleinand tounderstandthediﬀerential bindingcharacter-
istics of the protein, we constructed and analyzed an ensemble
that represents the unfolded state of monomeric α-synuclein
in solution.
Figure 10. (A) Structure of the conformation within the ensemble that
has the longest helical segment (expanded view of structure shown in
Figure 6A). As before, blue denotes the N-terminal region (residues
1 60); red denotes the NAC region (residues 61 95), and yellow
denotes C-terminal region (residues 96 140). (B) Associated helical
wheel:orange,nonpolarresidues;green,polarunchargedresidues;blue,
basic; pink, acidic.19542 dx.doi.org/10.1021/ja208657z |J. Am. Chem. Soc. 2011, 133, 19536–19546
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As we have previously noted, the construction of models that
adequately represent the unfolded state of a protein is inherently
diﬃcult for a number of reasons. First, there is the conforma-
tional sampling problem; that is, sampling all possible conforma-
tionsofevenamodestlysizedproteinisintractable.Nevertheless,
the form of the underlying energy surfaces helps because the
space of energetically favorable conformations is likely far less
than the space of all possible conformations. Some studies have
shown that straightforward Boltzmann sampling for some IDPs
yield calculated observables that are in reasonable agreement
with experiment, thereby suggesting that extensive sampling, by
itself, is a plausible approach for generating representative en-
sembles for IDPs.
49,50 However, while it is reasonable to apply
such a direct sampling approach to relatively small proteins, the
prospect of extensively sampling the relevant conformational
space of a protein that is 140 residues in length (at 300K) is
daunting. In this regard, a number of approaches that do not rely
on direct Boltzmann sampling of large proteins have been de-
veloped and useful insights have been obtained using these
methods.
51 54
In the present study, we use a fragment based approach to
sample energetically favorable conformations of the entire 140
residue protein. The motivation for this approach arose from a
prior study that demonstrated that sampling the conformational
states of fragments from folded proteins may reproduce the
backbone structure of that peptide’s structure in the context of
the entire protein.
55 In our method, the protein was divided into
eight residue long overlapping segments and REMD was used to
sample the conformational space of each peptide. Eight residue
segments were chosen because this length corresponds, roughly,
to the average persistence length of a polypeptide.
52 Structures
for α-synuclein were generated by combining these overlapping
segments, and subsequent energy minimization of each recon-
structed conformer ensures that each structure corresponds to
local energy minima on the potential energy surface of the protein.
While the approach is computationally eﬃcient, we recognize
thatfocusingonsamplingsmallpeptidesmaylimittheformation
of long-range interactions within the ﬁnal ensemble. To mitigate
this,oncethepeptidefragmentshavebeencombinedtogenerate
theα-synucleinsequence,theentireproteinisenergyminimized
thereby allowing the diﬀerent peptides to “see” one another.
Using the resulting structural library with the BW algorithm, we
arrive at a Bayes ensemble that: (1) contains conformations that
correspond to local energy minima on the potential energy surface
and(2)agreeswiththeavailableexperimentaldata.Nevertheless,
while our approach is computationally very eﬃcient, we recog-
nize that other sampling approaches for the initial structural
library (e.g., using diﬀerent lengths for the peptide segments)
may lead to diﬀerent structural libraries and this fact introduces
some uncertainty in our analysis.
One additional source of uncertainty is the inherent degen-
eracy of theproblemofconstructing agoodensemble,even after
the precise structural library has been speciﬁed. Given that the
number of degrees of freedom (i.e., the number of energetically
favorableconformations) istypicallymuchgreaterthanthenumber
of independent experimental observables, the problem of choos-
ing,orweighting,asetofstructuresisinherentlydegenerate;that
is, there are many possible ways of weighting the structures that
will agree with any given set of experimental observations.
30
To deal with these sources of uncertainty, the BW method
calculates a probability distribution over the space of ensembles.
This posterior density function naturally leads to a new metric,
the uncertainty parameter, which quantiﬁes our uncertainty in
the Bayes ensemble. This uncertainty parameter is akin to the
standard deviation in a Gaussian distribution and reﬂects the
overall spread of the calculated probability distribution. The
uncertainty parameter varies between 0 and 1 where a value of 0
suggeststhattheBayesensembleiscorrect.Bycontrast,whenthe
uncertainty parameter is nonzero, one cannot be certain that the
Bayes ensemble is correct. However, in this latter instance, one
can express values with the appropriate conﬁdence intervals.
30
Therefore,themethodprovidesarigorousmeanstoquantifythe
overall uncertainty in the ﬁnal results.
The BW algorithm yields a Bayes ensemble that is in agree-
ment with data obtained using NMR chemical shifts,
31 RDCs,
32
andtheradiusofgyrationasdeterminedbySAXSexperiments.
33
Surprisingly, we ﬁnd that some conformers in the ensemble are
nearly as compact as a folded globular protein with the same
amino acid length. In addition, the Bayes ensemble contains
structures that have a radius of gyration that is larger than the
averageradiusofgyrationthatwouldbeexpectedfroma140residue
random coil. This highlights the fact that a single experimental
value for the radius of gyration provides little insight into the full
range of conformations that the protein can adopt in solution.
Two recent experimental studies suggested the existence of distinct
classes of conformers describing α-synuclein equilibrium.
56,57
Both studies argue that α-synuclein contains a range of con-
formations, where some are quite compact and others are quite
extended and random-coil like. Our data are in agreement with
these observations and quantify the range of radii of gyration
within the ensemble. Moreover, these studies highlight the
fact that while the overall secondary structure content of the
ensembleisnegligible(about7%ofthepopulationwassuggested
to contain “β-like” conformation), there are subpopulations of
structures that have more signiﬁcant helical and strand content,
a ﬁnding in agreement with our observations.
The resulting structural ensemble provides additional insight
intothesecondarystructurepropensitieswithindiﬀerentregions
of the protein. We ﬁnd that the Bayes ensemble contains several
structures that have helical segments of varying length in the
N-terminalregion,extendingintotheNACsegment.Intotal,the
helical regions span residues 1 92; that is, the segment that has
been shown to adopt either a continuous helix or a broken helix
in the presence of lipid membranes.
19 21 These data are con-
sistent with a model of lipid binding where interaction with the
membrane stabilizes these helical segments leading to the for-
mationofeitheracontinuousorabrokenhelix,dependingonthe
precise experimental conditions. In this sense, the presence of
relatively short helical segments may serve as intermediates that
enable fast and eﬃcient binding to lipid membranes. These data
are of particular importance because interactions between α-
synuclein, in its helical form, and membranes may play a role in
cellular dysfunction in patients with Parkinson’s disease.
58
By contrast, on average, signiﬁcant probability for extended
structure is found throughout the α-synuclein sequence. These
data are in qualitative agreement with previous Raman spectro-
scopicstudiesthatsuggestthattheproteinadoptsanensembleof
rapidly interconverting secondary structural elements.
59 Of
particular interest is the region spanning residues 68 78 in the
NAC segment because this has been shown to be the minimal
toxic peptide that can also initiate α-synuclein aggregation
in vitro.
38 The probability of extended structure is relatively peaked
around this region, thereby suggesting that this segment has an
intrinsic predisposition to form extended structure that may19543 dx.doi.org/10.1021/ja208657z |J. Am. Chem. Soc. 2011, 133, 19536–19546
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initiate the formation of β-sheet rich aggregates. However, in
order to form intermolecular hydrogen bonds with other α-
synuclein molecules, this segment must be exposed to solvent.
Therefore,structuresthatplacethissegmentinasolventexposed
and extended conformation may be more prone to form toxic
aggregates. Our analysis suggests that approximately 8%, with a
95% conﬁdence interval of 3 12%, of the structures in the
ensemble have the NAC(8 18) segment in an extended and
solvent exposed orientation. This suggests that the unfolded
ensemble of α-synuclein contains preformedconformations that
can readily form β-sheet rich toxic aggregates.
Inadditiontotheseinsights,ourdatafurtherclarifytheroleof
long-range contacts in the protein. Previous studies that have
constructed ensembles based on the results of PRE experiments
have found conﬂicting ﬁndings, even though many of these
experiments were performed under similar experimental condi-
tions. One study suggested that long-range interactions occur
between residues 85 95 of the NAC and the C-terminal region
(speciﬁcally residues 110 130).
28 Other studies suggested the
formation of long-range contacts between the highly charged
C-terminus (residues 120 140) and the large hydrophobic center
(residues 30 100) resulting in a hydrodynamic radius signiﬁ-
cantlysmaller thanthatexpectedforarandom coilstructure.
25,26
Inanotherstudy,doneundersimilarconditions,itwassuggested
that long-range contacts form between the N-terminus and the
NAC region in contrast to the previously mentioned studies.
27
Therefore, while these data have provided new insights into the
natureoftheunfoldedstateofα-synucleininsolution,theyleave
the precise role of any long-range interactions in the protein
unclear.
Our data suggest that, on average, there are long-range contacts
between the N- and C-termini of the molecule. Interestingly, the
Bayesian estimates allow us to say with conﬁdence that the
N-terminalregionandtheﬁrstnineresiduesfromtheN-terminal
portion of the NAC make, on average, contacts with the C-terminal
regionoftheprotein,aresultthatisinqualitativeagreementwith
prior studies.
25,26 It has been suggested that these long-range
interactions provide a mechanism that eﬀectively shields the ag-
gregation prone region, and thereby minimizes the extent of
aggregation.
25,26,60 However, a more detailed look at the actual
distribution of structures within the ensemble (as opposed to an
analysis of the ensemble average data) ﬁnds that most of the
structures in our ensemble that contain long-range contacts
between the N- and C-termini also place the NAC(8 18) seg-
mentinasolventexposedconformation.Anexampleofonesuch
structureisshowninFigure6D.Consequently,itisnotclearthat
separationoftheN-andC-terminiisrequiredtoexposethemost
aggregation prone regions of the sequence. This claim is sup-
ported by recent PRE experiments comparing WT α-synuclein
and A30P, E46K, and A53T naturally occurring mutants, which
were all shown to have a higher aggregation rate in vitro. Results
ofthisstudysuggestthatA30PandA53Tmutantsdidnothavea
signiﬁcant decrease in the N- and C-termini contacts. Moreover,
E46K presented an increase in these long-range contacts.
39
These data bring into question whether long-range contacts play
a key role in regulating aggregation of α-synuclein.
We note that our model did not use any PRE derived distance
restraints. While PRE-derived data have provided valuable in-
formation into the presence or absence of long-range contacts in
several IDPs, it requires introducing a paramagnetic probe into
the protein.
61 However, it may be that such probes alter the
accessible states of the unmodiﬁed protein. In light of these
observations, and the fact that some of the PRE-derived results
are contradictory, we did not explicitly use PRE-derived data
whenbuildingourensemble.Nevertheless,weobtainresultsthat
corroborate and clarify many aspects of the prior PRE studies.
Inaddition,werecognizethattheremaybeadditionalcontacts
between the N-terminal, NAC, and C-terminal regions, but we
cannot make statements about these interactions with conﬁ-
dence given the very wide error bars associated with residues in
the more central region of the NAC segment (Figure 8B).
Interestingly, our uncertainty in the precise contacts that involve
the entire NAC region is also reﬂected in the literature as the
NACregionissuggestedtointeractwiththeC-terminusinsome
studies while other studies suggest that it interacts with the
N-terminusinstead.
26,27,39,40,60,62Inshort,ourmodelisunableto
distinguish between these two possibilities with certainty.
Recent data suggest that α-synuclein forms helical tetramers
under physiological conditions.
22,48 Our data suggest that mon-
omeric α-synuclein samples structures that have at most 20%
helical content and that some of these helices are amphipathic in
character. These data are consistent with a model where tetra-
meric structures are formed via the interaction of hydrophobic
patches on these amphipathic helices. Indeed there are many
examples in the literature of such four-helical bundle structures
composed of amphipathic helices.
43 45 Wang et al. indepen-
dently proposed a model for the tetrameric state of α-synuclein
on the basis of NMR data in which transiently formed amphi-
pathic helices interact in just such a manner.
48
Our results argue that the unfolded state of α-synuclein con-
tains a heterogeneous set of conformations of both highly com-
pact and extended structures, and that while the overall second-
ary structure content of these structures is low, there are regions
that have a relatively high propensity for helical and extended
structure. Regions with a signiﬁcant propensity for either helical
or strand content may facilitate the formation of lipid-associated
helical structures, helical tetrameric structures, and aggregates
that are rich in β-sheets. Our results also provide quantitative
estimates for the percentage of structures that are compact, have
long-rangecontactsbetweentheN-andC-termini,andthathave
theminimaltoxicaggregationfragmentofα-synucleinthatisina
position that is poised to make intermolecular beta strands. In
sum, these data provide a comprehensive view of the unfolded
ensemble of monomeric α-synuclein in solution and explains
how diﬀerent ordered structures conformers can arise from this
disordered protein.
’METHODS
Generation of an α-Synuclein Structural Library. The se-
quence ofα-synucleinwasdividedintoeightresiduelongsegmentsresulting
in 28 segments in total (the C-terminal segment was five residues long).
Each segment had three residues overlap with the adjacent segments. A
similar protocol was used to describe K18, an intrinsically disordered
protein of comparable size, 130 amino acids long.
30 The size of the
segments was chosen based on the average persistence length of a
polypeptide.
52Conformationsforsegmentsofthislengthwereshownto
be successfully sampled using a replica exchange molecular dynamics
(REMD
34) procedure.
63
Each segment underwent REMD with the EEF1
64 implicit solvent
model using CHARMM.
65 A total of 16 replicas, each at a diﬀerent
temperature, were used. Temperatures were spaced exponentially in the
range 280 700 K . Segments were run for 10 ns, and structures were
collected from the last 5 ns of the 298 K heat bath, allowing 5 ns of19544 dx.doi.org/10.1021/ja208657z |J. Am. Chem. Soc. 2011, 133, 19536–19546
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equilibration period. A total of 5000 conformations per segment were
collected.
Full length α-synuclein conformations were generated by piecing
together the segments one at a time, starting with the N-terminal
segment.Eachsegmentwasclusteredaccordingtothethreeoverlapping
residuesatitsends.Thesegmenttobeaddedtothegrowingpolypeptide
chainswaschosenfromtheclusterthathadthemoststructuralsimilarity
in the overlapping region. The ﬁrst residue coordinates of the over-
lapping segments were taken from the C-terminal region of the one
segmentandthe twoothers fromtheN-terminal regionoftheadjoining
segment. At the end of the procedure, the full length structure was
subjected to 1000 steps of steepest descent minimization followed by
10000stepsofadoptedbasisNewton Raphsonminimizationtorelieve
anybadcontactsinthemolecule.Onlystructureswithanegativeenergy
were chosen for the structural library. Following the process, we found
the structural library generated was composed of structures that were
mainlycompactwhencomparingtheirradiusofgyration(Rg)totheone
obtained by SAXS experiments. Therefore, the combined pre-energy
minimization structures were used in additional energy minimization
using an Rg restraint. Rg restraints varied from 27 to 75 Å. This process
ensuresthatawiderangeofconformationsweregenerated.Attheendof
the process, ∼100000 structures were generated.
The structural library was reduced in size to 299 structures using our
previouslydescribedpruningalgorithm.
30Thisnumberofstructureswas
shown to be able to provide a good model for the K18 tau segment of
comparable size (130 residues).
30
Generation of an α-Synuclein Ensemble from the Pruned
Structural Library and the Calculation of Confidence Inter-
vals. To obtain the sets of weights for the pruned structural library, we
employed the BW algorithm as previously described.
30 In this method,
one generates a posterior distribution which represents the probability
of all possible weighting schemes over the 299 structures, given the
available experimental data. Experimental measurements used were C,
Cα,C β, and N chemical shifts,
31 N H RDCs,
32 and radius of
gyration.
33 The carbonyl chemical shift value for residue 140 from the
setofexperimental datapointswasnotused, asitwasanextremeoutlier
from the other data.
31 To implement the BW method, we first need to
calculate the corresponding chemical shifts for each atom, along with
RDCs andthe radiusofgyration, ineach structure. Chemical shiftswere
calculatedwithSHIFTX,
66andtheradiiofgyrationwerecalculatedwith
CHARMM.
65 The RDCs of each individual conformer in the ensemble
wascalculatedwithPALES
67basedona’globalalignment’model,thatis,
usingtheentireproteinstructure.Thisisincontrasttoa’localalignment’
model, in which the RDCs are calculated from short segments of the
protein. It has been suggested that one can reproduce experimental
RDCs with a smaller number of conformers when using a local
alignment model as compared to a global alignment model;
68,69 never-
theless, we were able to obtain good agreement with the experimental
RDCsusingtheglobalalignmentmethodwitharelativelysmallnumber
of highly populated conformers.
The BW algorithm incorporates information from both the experi-
mental errors and the errors associated with predictions for the experi-
mental values of interest.
30 Experimental errors were taken to be 0.3
ppm (chemical shifts), 1 Hz (RDCs), and 2 Å (radius of gyration),
respectively. As prediction errors for chemical shift values have been
rather extensively studied, they were also included in the expression for
the posterior distribution.
30,66
Here, we provide a very brief review of the theoretical aspects of the
BW framework; for a comprehensive description see Fisher et al.
30
Formally, the posterior probability distribution conditioned on the
observed experimental data is obtained from Bayes’ rule:
fW Bj M Bðw Bjm BÞ¼
f M BjW Bðm Bjw BÞfW Bðw BÞ
f M Bðm BÞ
ð1Þ
where fW B (w B) is a the prior probability distribution (for brevity, the
speciﬁc form will not be reproduced here), and fM B|W B(m B|w B) is the
likelihood function for the vector of experimental observations, m B.W e
assume that thelikelihood functioncanbedecomposed asfM B|W B(m B|w B)=
fM B|W B
RG (m
RG|w B) fM B|W B
RDC(m B
RDC|w B) f M B|W B
CS (m B
CS|w B) where each of the com-
ponents is(multivariate)-Gaussian.Speciﬁcally, thelikelihoodfunctionsare
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Here, the letter ε denotes an experimental error, α denotes a prediction
error, and λ is a factor for uniformly scaling the RDCs to account for
uncertainty in the magnitude of alignment.
The Bayes estimate for the weight for each structure corresponds to
the expected (or average) value of that structure’s weight over the
posterior distribution; that is, wj
B   ÆwjæBW =
R
dw BwjfW B|M B(w B|m B). The
uncertainty parameter istheaverage distancefrom theBayesweights, or
σw B
B   [
R
dw BΩ
2(w B
B,w B) fW B|M B(w B|m B)]
1/2, where Ω
2(w B
B,w B) is metric on
the space of weight vectors called the Jensen-Shannon divergence.
30 To
calculate these expected values, samples are taken from the posterior
distributionusingaMonteCarloalgorithmwithGibbsSampling.
30Each
sample corresponds to a diﬀerent weighting scheme over the 299 stru-
ctures. A total of 100 million samples were generated as an equilibration
period for the Markov Chain generated from the Monte Carlo algo-
rithm. This was followed by an additional 1 billion samples, which
constitutes the “production run”. We followed the running average of
the posterior divergence to ensure that convergence was reached. To
calculate the Bayesian averages and the associated conﬁdence intervals,
we used 50000 equally spaced samples from the 1 billion samples; this
reduces the overall computation time. For a given quantity (e.g., the
expected solvent exposure of a given residue), we computed this quantity
using the chosen samples, yielding 50000 estimates for the value of
interest. The 95% conﬁdence interval was obtained by ﬁnding the lower
bound that excluded the bottom 2.5% of the estimates and the upper
bound that excluded the top 2.5% of the estimates.
Random Coil Ensemble. The residual contact map shown in
Figure 8A represents the stability of a long-range contact between two
residues in our ensemble compared to what one would expect from a
random coil ensemble. Therefore, to compute the contact map, we first
need to generate a random coil ensemble for α-synuclein. We used the
publicly available random coil ensemble posted in a web repository.
52
Theensemblecontains5000structures;wetherefore randomlyselected
299 structures to ensure the two ensembles are of the same size. The
selection process was repeated 20 times in order to reflect the full
ensemble and each measurement of interest was averaged over this
collection. The random coil model used to form this ensemble uses
statistical potential and excluded volume constraints;
52 no α-synuclein
experimental data was included in generating the ensemble.
Secondary Structure Assignments. We clustered STRIDE
results of α-helix, π-helix, and 3-10 helix into a super class that we refer
to as Helix. In addition, we cluster isolated bridge and extended results
into a second super class we named Extended (or Strand). All other
secondarystructure assignments were combined into a single class denoted
as Other. To have consistent definitions when comparing to the results
obtained from CD spectroscopy (which assigned a helix, strand, turn,
and unstructured),
37 we grouped the “turn” and the “unstructured”
assignments into one category called “Other”.
Solvent Accessible Surface Calculations. The solvent expo-
sure surfaceareaforeachconformationwascalculatedusingCHARMM.
6519545 dx.doi.org/10.1021/ja208657z |J. Am. Chem. Soc. 2011, 133, 19536–19546
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The SASA of the entire protein was computed, but only data from the
solvent exposure of the backbone atoms N H C Cα O were used,
since these represent atoms that are essential for the formation of cross-
β-sheet interactions. The calculated SASA was normalized by dividing
by solventaccessible surfaceofthe backbone atomswhenα-synucleinis
in a fully extended conformation. A residue is said to be solvent exposed
when its normalized SASA > 40%, as this cutoff has been used in
previous studies and useful results were obtained.
42
Calculating Distributions of Ensemble Properties. Two plots
were generated presenting probabilities calculated from the posterior
distribution. The radius of gyration for each structure in the ensemble is
calculated in CHARMM
65 using the N C Cα atoms; structures are
binned together in bins of 10 Å. Summation of the structures probabilities
(their weights) in each bin comprises the probability of that bin. The 95%
confidence intervals were then obtained using the 50000 samples from the
posterior distribution as outlined above. The histogram of N-terminal
center-of-mass to C-terminal center-of-mass distances was generated in a
similar fashion. Distances were calculated in CHARMM
65 using the center
of mass of N C Cαbackbone atoms for residues 1 60, the N-terminus,
andthecenterofmassofN C Cαbackboneatomsforresidues96 140,
the C-terminus. Structures were binned in bins of 25 Å, corresponding to
themaximaldistancedefinedforformationoflong-rangecontactsandagain
the 95% confidence intervals were then obtained from the 50000 samples
from the posterior distribution.
Helical Wheel Diagram. To generate the helical wheel, we used
the freely available Helical Wheel program (http://cti.itc.virginia.edu/
∼cmg/Demo/wheel/wheelApp.html). Amino acid sequences taken
from the conformation with the longest continuous helical structure
were input to the Helical Wheel program to generate the associated
diagram.
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